This paper provides empirical evidence about the dependence of daily return and trading volume relations for indices of six emerging markets: Argentina, Chile, Malaysia, Mexico, Singapore and Thailand. I use bivariate threshold theory to explicitly model the joint distribution of absolute return and trading volume using the observations for all six markets. Five out of six countries have weaker but still significant correlations based on the observations exceeding the thresholds beyond optimal ones. I also find the return and volume relation overall is asymmetry, i.e. the correlation associated with positive return and volume is greater than that between negative return and volume. For four out of six countries in the sample, the results from the bivariate threshold model show that during the extreme price movement, this asymmetry correlation still holds.
Introduction
In this paper, I empirically study the dependence of stock market return and trading volume for six emerging economies, Argentina, Chile, Malaysia, Mexico, Singapore and Thailand. I use the bivariate threshold model (see Ledford and Tawn (1996) and Longin and Solnik (2000) ) to study the relation of adjusted absolute return to trading volume when the observations are exceeding certain thresholds.
The driving sources of stock volatility and trading volume and their correlation have been of lasting interest in financial economics. There are several reasons why this issue is important. First, the price-volume relation provides us with insight into financial market structure. Various theoretical and empirical works have linked trading volume to the information inflow to the market and to difference of opinion among investors. The observed trading volume includes both liquidity-driven trading and information-driven trading. If we assume that liquidity trading comes to the market at a constant rate, the price change of stocks is mainly caused by new information arrived in the market. On the other hand, the more diverse the opinions of different investors are, the larger the new volume of trade will be. Correct identifying price-volume relation can lead us to understanding the mechanism of information flow transmission, the dissemination of information to the price and the extent to which market prices convey information. Second, if the dynamic structure of price-volume relation can be jointly determined, incorporating the price-volume relation will increase the power of forecasting return and volatility. Third, the return-volume relation can provide us with additional information about the empirical distribution of stock returns. It is a well-known fact that the empirical distribution of stock price deviates from the normal distribution. The well-known "Mixture of Distribution Hypothesis" proposes that the price data is governed by a conditional stochastic process with a changing variance parameter directed by a latent random variable proxy for the arrival of information flow. So the link between trading volume and conditional volatility can provide one explanation for why empirical distribution of stock returns appears to exhibit excess kurtosis.
The issue of price-volume relation in times of the extreme price movement and high trading volume is also very important. As one of the well-known characteristics of empirical distribution of asset return is fat-tail, which means there is extra probability mass in the tail area, the behavior of stock price and trading volume during extraordinary events such as financial crises needs to be carefully examined.
The importance of price-volume relation during extreme observations comes from several aspects. First, studying the price-volume relation during extreme price movement can provide a valuable vehicle for understanding the underlying information-driven or liquidity-driven trading story. Theoretically, during a financial crash, the same trading volume may lead to very different price changes, depending on how information is interpreted by market participants. For example, if the selling pressure is due to some investors having some private information, a reasonable amount of trading volume should be observed with the price movement. In this case, we should observe a consistent correlation between trading volume and price change under market normal conditions and market crashes. In another scenario, if the financial crisis is caused by the arrival of some public information, such as the deterioration of fundamentals of the economy, there is no reason to expect a high volume of trade, although price will drop sharply. Second, some people argue that the information contained in volume data can improve the modelling of expected return and conditional variance. The decreased price-volume relation in the tail can cast doubt on the ability of trading volume to serve as a proxy for information inflow during financial market stress. Third, price-volume relation in the tail is important because it can help us understand the fundamentals underlying financial crises. As argued by Gennotte and Leland (1990) , in the absence of significant news, a small amount of hedge trading can cause crashes due to the illiquidity of the financial market. So the price-volume dependence is smaller during extreme price movement than observed during other periods. Chen, Hong and Stein (2000) find that trading volume can help to forecast the negative skewness (i.e., financial crisis) of the aggregate market.
Although there is a rich body of theoretic and empirical work on the price-volume relation, only a few works have focused on studying the price-volume relation during extreme price and volume movements. Moreover, almost all of these studies focus on the U.S. or other developed countries. Balduzzi, Kallal and Longin (1996) apply the data of stock-market prices and transaction volume on the day of minimal daily returns for each year from 1885 to 1990. They find that large minimal returns show little correlation with transaction volume. Marsh and Wagner (2000) study pricevolume dependence empirically in seven international equity markets. They fit a GARCH-M model to examine the overall return-volume relation under "normal" market conditions and a bivariate extreme value model to examine the relation under conditions of market stress. Their main findings indicate that the dependence decreases for large extreme return and volume observations.
To my knowledge, no work has been done so far on the return-volume dependence during extreme price movements for emerging markets. I intend to fill in this gap in the present paper. Given the complications of the return-volume relation, further evidence and insights should be obtainable through an investigation of an alternative set of financial markets, especially, a set of emerging markets. In this paper, I use the data from six emerging markets: Singapore, Malaysia, Thailand, Mexico, Chile and Argentina. Broadly speaking, the information impact on stock price in emerging markets is not equivalent to that in the more developed markets; and also, there are significant institutional differences across the markets. From a statistical point of view, the empirical distribution of asset returns of emerging markets usually has a higher mean, higher volatility and much more significant excess kurtosis and skewness than those of developed countries. In practice, the risk of extreme downside movements for emerging markets has more killing power than in developed markets. All these facts suggest that a separate study on price-volume relation using emerging markets data is necessary and will be interesting.
Previous work provides us with empirical evidence that return and volume dependence during extreme price movements is smaller than in normal periods. There are at least three arguments in the literature that can explain why price-volume dependence may break down in the tail. First, Campbell, Grossman and Wang (1993) argue that large price movements are not necessarily associated with large trading volume. Suppose one observes a fall in stock prices. This could be due to public information that has caused all investors to reduce their valuations of the stock market. In this case, all the investors have the same belief or expectation, and there is no reason to expect a large amount of trade. In an Arrow-Debreu setting with complete markets, the prices of securities can change dramatically as new information comes to the market. These price changes instantaneously incorporate the news and do not require a large trading volume. Second, Marsh and Wagner (1999) argue that volume data may be a bad proxy for the underlying information process. The noisiness of the volume data is more severe during periods of high trading volume. As the correlation between price change and volume depends on an unobservable directing process, their relation could break down as one of them becomes noisier. The third explanation is based on Gennotte and Leland (1990) . These authors show that information differences among market participants can cause financial mar-kets to be relatively illiquid. As a consequence of diminished liquidity, a small amount of trading can trigger a large price movement. This situation is more likely to happen in small, non-mature financial markets such as emerging markets, where market illiquidity is one of the major concerns.
From a methodological point of view, I use bivariate extreme value theory to model the price-volume relation during extreme price and volume movements. Generally speaking, extreme value theory studies the limiting distribution of the underlying random variables without prior knowledge of the true distribution of the random variables. Balduzzi, Kallal and Longin (1996) use simple OLS to show that minimum returns have little correlation with transaction volume. But, as pointed out by Longin and Solnik (1999) and Ang and Chen (2000) , it is not reliable to directly compare the estimated correlations conditional on different values of one or two underlying variables, so the results based on the simple linear regression may be misleading. As the correlation coefficients can be precisely pinned down only when the underlying distribution is specified, I apply the recent results from extreme value theory to the study of price-volume relation.
Consistent with previous work, I find for five out of six emerging markets that the dependence between absolute return and adjusted abnormal trading volume is significantly reduced during extreme price movements. I find these results still hold even when I decompose the total samples according to the directions of price change. The results from simple OLS regression indicate that return and volume are asymmetry correlated, i.e., the correlation is larger for positive returns than that for negative ones. For four out of six countries in the sample, the results from the bivariate threshold model show that during extreme price movements, this asymmetry correlation still holds.
The rest of the paper is organized as follows: Section 2 outlines the general framework for the bivariate threshold model. Section 3 gives information on data, summary statistics and the adjustment of daily trading volume series. In section 4, I provide estimation procedure and empirical results for the pricevolume relation during extreme price and volume movements. In section 5, I summarize the whole paper.
Bivariate Threshold Model

Model Setup
The relation between return and trading volume under extreme price and volume trading conditions is important and interesting. Dalduzzi, Kallal and Longin (1995) are the first paper notices that the price-volume relation in the tail is different from the overall relation. Applying a linear regression to U.S. data from 1885 to 1990, they find large (in absolute term) minimal returns to show little correlation with trading volume. As Longin and Solnik (1999) and Ang and Chen (2000) point out, it is not reliable to compare directly the estimated correlations conditional on different values of one or two underlying variables, and methods based on a simple linear regression may be misleading. A statistical distribution function has to be specified in order to test the changing correlation coefficient based on different exceedance values. Several papers have used extreme value theory to study problems in financial markets. Longin and Solnik (1999) use bivariate extreme value theory to study international equity market correlation. Marsh and Wagner (2000) study the price-volume relation in seven international equity markets using a bivariate extreme model. In this paper, I apply a multivariate threshold model to study the price-volume relation for the extreme observations of six emerging markets.
Multivariate extreme value theory is concerned with the joint distribution of extremes of two or more dependent random variables. The first attempt to construct threshold-based methods of statistical inference in the multivariate cases is that of Coles and Tawn (1991) 
where V is called the dependence function and is defined from R d into R. One feature of multivariate extreme value distributions is that the dependence structure is preserved under trans-formations of the marginal distributions, so there is no loss of generality in restricting attention to a particular univariate extreme value family. As F j can be arbitrary marginal distribution, we follow Daison and Smith (1990) in using the Generalized Pareto Distribution to model each marginal distribution above a high threshold. Connecting these marginal distributions to the marginal threshold distributions, we have for probability 0 p j 1,
where p j is the small probability that the observation is above the threshold j , the threshold j is taken to be the 1-p j quantities of the marginal distribution. This means that, for a marginal distribution that fails to exceed the threshold, the only relevant information conveys for our model is that it occurs below the threshold, not its actual value.
Combining the above two equations, we have the joint distribution function for the multivariate threshold model:
The dependence function V maps the d-dimension marginal distribution function to a real number. The multivariate extreme theory does not give us any guidance on how to choose the dependence function V. In a specific case in which the marginal variables are independent, then
. In this case the model factor is into the product of the marginal distribution, since,
For the general case of the multivariate extreme dependent variable, the form of the dependence function is not known. In the field of engineering, the multivariate logistic dependence structure is commonly used. Following Tawn (1990) , the symmetric logistic dependence function is :
where is the dependence parameter between 0 and 1. The limiting case of 0 corresponds to the case in which the random variables are perfectly dependent. As increases, the dependence weakens. When =1, the variables are totally independent. The correlation coefficient of extremes is related to the coefficient by =1-².
Estimation Procedure
I use maximum likelihood estimator (MLE) to estimate the model. The asymptotic properties of MLE are regular whenever the tail index >-1/2, and alternative remedies are available for <-1/2 1 . In the bivariate case, for a pair of high thresholds 1 and 2 , the outcome space is divided into four regions:
where I is the indicator function, which is equal to 1 if the condition is satisfied. Let the transformed marginal threshold be r j =-1/log(1-p j ) and let
. I denote the likelihood contribution corresponding to a point (y 1 ,y 2 ), which falls in region R kl by L kl (y 1 ,y 2 ), then we have the following:
where V i denotes the partial derivative with respect to component i, and V ij is cross derivative with respect to i component and j component. K j is the derivative of z j with respect to y j .
The likelihood contribution from a typical point (y 1i ,y 2i ) from the logistic model with dependence parameter and unknown parameters ={ j , j , j , p j :j=1,2} is given by
where I k,l (y 1i, y 2i ) is the indicator function of (y 1i ,y 2i ) for observations belong to region R kl . The likelihood for a set of n independent points is given by
Finally, the BFGS procedure is used to seek the parameters that maximize the above likelihood function.
Score Test for Independence
Under the bivariate threshold model, when the dependence parameter is 0< <1, there is some dependence between the two variables. When the variables are independent, that is =1, is on a boundary of the parameter space. Following Tawn (1988) , I consider the score statistic for independence, which is defined for a typical pair of observations i by:
where is the value of the parameters that jointly maximize above likelihood function when =1, i.e. L n (1, ) . The total score for a set of n observations is defined as S n =s 1 +...+s 2 . Ledford and Tawn (1996) 1 show that if the variables are independent, then -S n /c n N(0,1), where c n =(nlog n/2) 0.5 as n . My score tests are based on this result.
Threshold Selection
The distribution of observations over a certain threshold converges to the Generalized Pareto Distribution only when the threshold converges to the upper limit of the distribution, which is positive infinite in our case. But, in practice, a finite threshold value has to be used. Threshold selection is a critical issue in extreme value theory. Longin and Solnik (1999) use Monte Carlo simulation, which optimizes the trade-off between bias and inefficiency. But their method is computation intensive and only applies to positive tail estimators. So I use an alternative approach that is relatively easy and intuitive. This technique is called the mean residual life plot (Davison and Smith (1990) , Smith (1990)). The motivation for this method is quite simple if the distribution of a random variable is Generalized Pareto Distribution, Y~G( , ) , with µ=0, and >0 (assuming <-/ in the case of <0), the mean residual life is defined as:
Therefore, an empirical plot of E{Y-|Y> } against should be approximately a straight line. I use the sample analogy of the mean residual function for the observations of random variable Y, (y 1 ,y 2 ...y n ), which is the following: I plot this function against u and look for the smallest u over the region in which this is a straight line. As u increases, the number of observations that exceed u decreases. When u approaches its upper boundary, the plot becomes irregular. So I restrict the number of exceeding observations larger than 5 (i.e., I(y i >u)>5). The smallest u in the picture that makes the mean residual plot a straight line is the optimal threshold level in the model.
Data, Summary Statistics and Volume -Adjustment
Data
I study price-volume relation for six emerging markets: Singapore, Malaysia, Thailand, Mexico, Chile and Argentina. The reason for choosing these countries is that among all the emerging markets they have a relatively long history of trading volume data available.
The daily closing price and trading volume data for these six countries are obtained from DataStream International Inc. Except for Argentina, the data sample is from January 1, 1990 to December 31, 2000, totaling 2,870 observations. For Argentina, although the pricing data is available from January, 11, 1990 , the volume data is only available only after June 13,1993 . So I apply a shorter data sample for Argentina, totaling 1,939 observations. I exclude all non-trading days from the sample. The price index in local currency for each country is converted into U.S. dollars according to the official exchange rate between the currency of the corresponding country and the U.S. dollar. The continuously compounded percentage return or log return in U.S. dollars is calculated as 100 times the log difference between the current and previous day closing prices. I take natural logarithm of the daily volume to improve the stationary properties of the data.
Volume Adjustments
In order to apply the extreme value theory to study the relation of price change and trading volume in the tail, the time series of data should be stationary and serially uncorrected. But, as is a well-known fact, the trading volume data has a time trend and is serially correlated. So, for the first step, I detrend the log-volume series first by subtracting a 60-day backward of moving average from each current observation. The output for this method provides a series of a stationary abnormal trading volumes.
In the second step, an uncorrected stationary volume series is obtained through seasonal adjustment and ARMA estimation. It is a well-known fact that trading activities display a systematic calendar effect (e.g., see Gallant, Rossi and Tauchen (1992) and other). I choose two groups of dummy variables: day-of-the-week dummy and dummy variables for each of the months. Besides the seasonal dummies, I fit the detrended volume series into an ARMA(p,q) model. The order of autoregressive component p and the moving average component q are chosen according to Akaike's Information Criterion (AIC), which attempts to prevent over fitting the model. The residual from the final ARMA model is a stationary, serially uncorrected time series that will be used in the model as the volume series.
Finally, as the absolute value of daily return is another input for our bivariate extreme model, the serial correlation of absolute value of daily return has to be adjusted. Again, we apply the ARMA(p,q) model to generate a stationary, uncorrected return series. Table 1 displays the summary statistics of daily return and log-volume series. The means of daily returns are close to zero for all six countries. The standard deviation varies between 1.28% for Singapore and 2.27% for Thailand. The excess kurtosis for daily return of all six emerging markets is large and positive, indicating that returns have more mass in the tail areas than would be predicated by a normal distribution. Among these six countries, Argentina, Mexico and Singapore show negative skewness, while the others show positive skewness for market returns. For Argentina and Singapore, the hypothesis test of skewness equal to zero can not be rejected.
Empirical Results
Summary Statistics
The mean value of the adjusted trading volume is close to zero for all six countries. This is because I detrend the raw volume series by subtracting each observation a past 60-day moving average. The standard deviation of volume data varies between 0.304 for Malaysia and 0.510 for Mexico. The excess kurtosis for the volume series is also positive and significant. Except for the case of Argentina, the skewness of volume series is positive. The values of excess kurtosis and skewness strongly reject the hypothesis that adjusted volume is normally distributed. I report the cross correlation between return, absolute return, squared return and adjusted trading volume. Consistently with the results of the mixture of distribution model, the correlation coefficients are all positive. The correlation between absolute return and trading volume is the strongest among the three types of returns for all six countries. relation between absolute price change and trading volume, irrespective of the direction of price change. The estimated value of measures the asymmetry in the price-volume relation. If the short positions are more costly than the long ones, investors should require a greater price change to transact in short positions. Hence, investors in short positions will be less responsive to price changes than those in long positions. This leads to an expectation that the dependence between volume and positive returns will be greater than that between volume and negative returns. So I predict that 2 should be negative. 3 measures the relation between current absolute return and last period trading volume. If the past information about trading activity can help predict future price movements, then 3 should be significant.
Preliminary Analysis
The estimation results of OLS are shown in Table 3 . For the overall regressions, the R² varies between 0.097 for Singapore and 0.025 for Chile. Consistent with our prediction, the estimated values of 1 are significant and positive for all six countries. This confirms the early results from Table 2 that the absolute value of return and contemporary trading volume are positively correlated.
The asymmetric relations exist for all six countries because the estimated values of 2 are negative and highly significant. The negative value of 2 indicates that the slope of the negative returns is smaller than the slope for positive returns. In other words, the value of 2 is the difference of slope coefficients of trading volume on absolute return between positive and negative price changes. The relatively higher cost for short position than for long position trading is one of the factors that explain the asymmetrical relation between absolute return and trading volume. Jennings, Starks and Fellingham (1981) provide another explanation. In their model, there are two kinds of traders: optimists and pessimists. They show that the "pessimist" traders trade less than the "optimist" ones. Since the price decreases as a result of pessimists' selling and increases as a result of optimists' buying, the trading volume is lower when price decreases than when price increases.
The estimated values of 3 are significant only for Thailand and are insignificant for the rest of the five countries. The value of 3 is positive for Argentina and negative for the other five countries. These results imply that information contained in past volume data does not have much power to predicate stock price movement for further periods 1 . All in all, the simple OLS estimation provides us with some preliminary results on the relation between return and adjusted trading volume. The contemporaneous absolute return and abnormal trading volume are linearly correlated. This relation is asymmetric, indicating that the correlation between positive return and volume is larger than the correlation between negative return and volume. Finally, the lagged period of trading volume does not contain much information to predict further price movement. In the next section, I follow the model of Lamoureux and Lastrapes (1990) to test the relation between second moment of stock return and trading volume.
GARCH Model
GARCH models the conditional variance of asset return as a function of past squared residual and lagged conditional variance. GARCH models have been shown to be a good fit for many financial time series. The mixture of distribution model provides an explanation for the GARCH properties of conditional volatility series. Based on the mixture of distribution hypothesis, asset re-turn and trading volume are driven by the same latent information process. If the information process is serially correlated, then the conditional variance of asset return follows a GARCH process 1 . In general, despite the fact that the data on trading volume includes both informational and noisy trading, volume data is likely to contain information on price change. So, following Lamoureux and Lastrapes (1990), I estimate the GARCH (1,1) model using the data from six emerging markets: where r t is the asset return. µ is the estimated mean value of asset return. t is the innovation from the asset return and h t is the conditional variance, which is a function of its lagged value (h t-1 ) and past squared residual ( t-1 ). First, I estimate the GARCH model without volume data. Secondly, I plug the contemporaneous volume data into the GARCH model. If volume and volatility are governed by the same underlying information variable, we should expect q to be significant and positive. Moreover, the GARCH coefficient (p 2 ) should be reduced if trading volume is a proxy for the serially correlated information variable. Table 4 shows the results of the estimated coefficients of the GARCH model with and without trading volume. In order to avoid the problem due to non-normality in the return residuals, I use a Quasi-MLE estimation proposed by Bollerslev and Wooldridge (1992) . The estimated GARCH coefficients and their standard errors are estimated according to Broyden, Fletcher, Goldfarb and Shanno (BFGS) algorithm.
Without volume variable, the GARCH coefficients p 1 and p 2 are significant and p 1 +p 2 close to but smaller than 1, indicating a high degree of persistence of the conditional volatility. When the contemporary abnormal trading volume is plugged into the conditional volatility equation, the estimated values of q are significant and positive for all six countries, which is consistent with the results of Lamoureux and Lastrapes (1990) and Marsh and Wagner (1999), who use data from the U.S. and six other developed countries. The likelihood ratio test for the restricted model (GARCH model without volume) vs. the unrestricted model (GARCH with trading volume) yields a test statistic that is ²(1). Except for the Argentina, the likelihood ratio test statistics are significant at the 5% level; all the others are significant at the 1% level. Therefore we favor the unrestricted model (GARCH with volume) and reject the restricted model (GARCH without volume).
As many previous studies have shown, GARCH effects may result from the time dependence in the rate of information flow. If the stock volatility and trading volume are driven by the same information process, as assumed by the "mixture of distribution hypothesis", the volume coefficient in the GARCH model should be significant and positive, and the persistence of conditional volatility measured by p 1 +p 2 should be reduced. In Table 4 , we compare the coefficient changes with and without volume variable and the coefficients of autoregressive conditional volatility p 2 are reduced for all six countries. The measure of conditional volatility persistency p 1 +p 2 is only slightly reduced for five out of six countries when volume information is included in the equation. For Chile, the persistence even increases slightly when volume data is included in the GARCH model. This is different from the results of Lamoureux and Lastrapes (1990) , who find that the GARCH effect almost disappear when using the data from U.S. individual stocks.
Estimation from the GARCH model provides us with empirical evidence that conditional volatility and abnormal trading volume are positively correlated. The theoretical explanation of this finding is that volume and volatility are both driven by a common, unobservable factor, which is determined by the arrival of new information. The degree of autoregression of conditional volatility is reduced when volume is introduced as an explanatory variable. But the GARCH coefficients are still significant in the presence of the volume variable and the persistence of conditional volatility is not significantly reduced for any of the six countries. One possible explanation is that because I use index level data. The information content of volume data from index level is not as precise as for data from individual firms.
Empirical Results
There are a total of seven unknown parameters: the tail probability (p 1 and p 2 ), the dispersion parameters ( 1 and 2 ) , the tail indies ( 1 and 2 ) and the dependence parameter .The results of all the unknown parameters for each of the six countries are listed in Table 5 Most of the estimated tail indices are greater than -1/2 that guarantees the asymptotic efficiency of MLE 1 . The estimated probability that the observations exceed the threshold is equivalent to the empirical frequency. The tail indices for absolute return are all positive except for the case of Thailand. The dispersion parameter , probability p, and the correlation are all estimated with great precision.
The estimated correlated coefficients change with the chosen thresholds. Let's take a look at the exceedence correlation between absolute return and abnormal trading volume irrespective of the direction of price change. For all six countries, there is strong evidence that a positive relation between price change and volume exists in the tail, as well as overall joint distribution. The score tests strongly reject the hypothesis that the variables are independent. Except for Malaysia, all countries show a decreasing absolute return and volume relation when the threshold goes higher. For example, in the results based on the data for Mexico, the correlation estimated based on the observations that exceed their relative means is 0.2686. For threshold at mean plus one standard deviation, the correlation coefficient drops to 0.2175, and mean plus 1.5 standard deviation, correlation goes to 0.1425. From the plot of mean residual life, the optimal threshold for return is at mean plus 1.85 times standard deviation, and for volume it is mean plus 1.3 times standard deviation. At the optimal threshold value, the correlation coefficient is 0.1406. Beyond this, when the threshold is cut at mean plus 2.05 times standard deviation, the correlation coefficient is 0.0898. Compared to the sample correlation between absolute return and trading volume 0.2239, the pricevolume relation becomes weaker beyond the optimal threshold value. In finance theory, there are two potential explanations for the decreased correlation between absolute return and trading volume in the tail. First, trading volume is a noisy proxy for the underlying information process. The extent of noisiness of the volume data is more severe during periods of high volume of trading. If the correlation between return and volume is due to the same underlying information process, more noise in the trading volume data in the tail can lead to a decreased correlation between return and volume. Second, as argued by Gennotte and Leland (1990) , in the absence of significant news, a small amount of hedge trading can cause crashes due to the reduced liquidity of the financial markets. Given the relative illiquidity of emerging markets compared to those of developed countries, the return-volume relation is prone to break down during extreme stock price movements.
Dividing the total observations according to directions of price change provides some interesting findings about the asymmetric relation between return and volume in the tail. Figure 1 graphically depicts the exceedence correlation and the thresholds used to define this for each of the country. In each figure, the solid line is for the correlation between absolute return and volume irrespective of direction of price change, the dotted line is for the extreme correlation between positive return and volume and the dashed lines for correlation between absolute return and trading volume when the return is negative. Except in the case of Malaysia, all the curves are downward sloping indicating that the estimated value of correlation coefficient is decreasing as the level of the threshold increases. Except for Argentina and Mexico, the extreme correlation between abso-lute return and abnormal trading volume is higher for positive return than for negative return. In other words, the asymmetric correlation between return and volume is preserved in the tail for all four of other countries. For Argentina and Mexico, there is no clear consistent pattern regarding which direction of price change has a larger return-volume relation. For example, in the case of the Mexican market index, when the threshold is the empirical mean plus half the standard deviation, correlation for absolute return and volume is higher for positive price changes (0.3093) than for negative price changes (0.2031). But when the threshold is mean plus 2.0 and 2.15 times standard deviation, the correlations for positive change (0.0220 and 0.0177, respectively) are lower than the corresponding negative price changes (0.0801 and 0.0443, respectively). For Chile, the correlation becomes 0 when the threshold is above its empirical mean plus 1.5 times its standard deviation.
The last column of each table is the score for testing the independence between absolute return and trading volume. In most cases, the score tests reject strongly the independence between return and volume. For example, for Chile, the correlation between absolute return and volume when return is negative, the score is 8.77 for observations above their empirical mean plus one half of the standard deviation, and this value is clearly significant at the 1% level, indicating the independence is strongly rejected. As the thresholds go higher, the score becomes 1.29 for the threshold at mean plus 1.5 times the standard deviation and 0.92 for the optimal threshold. These values are less significant, indicating that return and volume dependence is weaker. The values of the score tests verify our empirical results: as the threshold increases, the value of the score decreases and the dependence between absolute value of return and trading volume is smaller for the extreme observations exceeding the threshold.
Conclusion
This paper provides empirical evidence about the dependence of daily return and trading volume relations for six emerging markets: Argentina, Chile, Malaysia, Mexico, Singapore and Thailand.
First, simple OLS estimation provides us with empirical evidence that absolute return and trading volume are positively correlated, which supports the "mixture distribution hypothesis" that trading volume and price movement are governed by the same underlying information process. The return and volume relation overall is asymmetry, i.e., the correlation associated with positive return and volume is greater than the correlation between negative return and volume. The relative cost of short position trading and the different trading behavior of "optimist" and "pessimist" traders can provide explanations for this asymmetrical relation. The information contained in the past trading volume does not have much power to predict future price movements.
Second, I estimate the GARCH model and find out that for all six countries, the autoregressive coefficient of conditional volatility is reduced when contemporary volume data is plugged into the volatility equation. But the persistence of conditional volatility remains about the same.
Third, I use bivariate threshold theory to explicitly model the joint distribution of absolute return and trading volume. I find overall a positive correlation between absolute return and trading volume using all the observations for all six markets. Five out of the six countries have weaker but still significant correlations based on the observations that exceed thresholds beyond the optimal ones. For four out of the six countries, the return-volume asymmetry is preserved in the tail. Previous works have indicated that volume is a noisy measure of the rate of information flow. When trading volume is higher, the degree of nosiness may be even higher, so the return and volume dependence may lower during extreme price change and trading volume. If market liquidity is a concern for the emerging markets, it is important to note that a small amount of price change can trigger a large amount of trading volume, which causes the return-volume dependence to become weaker in the tail.
Overall, my empirical results support the "mixture of distribution hypothesis" for these six emerging markets. Although there exist significant institutional differences between mature and emerging financial markets, the old Wall Street adage "it takes volume to move price" generally holds across different markets. But it lacks a unified theory to explain the asymmetry relation between return and trading volume and, more importantly, explain the weaker dependence in the tail. Further work should thus pursue this thread to develop a microstructure model consistent with these empirical findings on the return-volume relation. Table 1 Summary Statistics This table gives the summary statistics for return and log trading volume for market Indies for six emerging markets. The second column is the mean (Stock return in percentage) . The third column is the standard deviation. The fourth and fifth columns give the minimum and maximum of the observations. The sixth and seventh columns are the excess kurtosis and skewness. Figures in brackets are the significant level at which H 0 of no excess kurtosis (no skewness) can be rejected. Table 3 Results from OLS estimation Table 5 Main Results: Estimation of Bivariate Threshold Model
Appendix
The following model is estimated: (1+ 1 (y 1 -1 The solid line is for the correlation between absolute return and volume irrespective of direction of price change, the dotted line is for the extreme correlation between positive return and volume and the dashed lines for correlation between absolute return and trading volume when the return is negative. The vertical axis is the correlation and the horizontal axis is the threshold.
